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Terrm Definition
Alphabei The set of all poééible symbols currently in use.
Atcmic symbols The symbols O and 1, which are based on the raw 0 and 1 bit values. All
subsequently defined symbals represent tuples that are based on symbols 0 and 1.
Character A symbol that appears in the data stream.
Compressed z'il.é: mze ' The number of bits tha? are required o storé the encoded data stream, the dictionary,

and the symbol-encocing information.

Data stream A sequenlial stream of characters,
The lerms data slream and text are synonymous in this document.

Dictionary A collectinn of infarmation: regarding afl symbols (the alphabet).

Encoded data stream A data stream of Huffrman encoded characters.

Pass The performance of one iteration of the compression procedure applied to the current
data stream.

Symbot A urit of information. The information that is represented by a symbol can be from 1
to N binary bits in length.

éymbol-encoding Symbols in the alphabet are digitally encoded to reduce the amount of space

information required to store or transmit them electronically. The encoding information is stored

and used to decompress the data lator.

A well understood method of minimizing the space required to siore a series of
characters is the use of minimum weighted path length irees, as given by David
Huffman (D. E. Knuth, The Art of Computer Programming, 1973, vol, 1, p. 402).

Text A sequentiai stream of characters,
The terms data stream ana text are synonymous in this decument.

Tuple Two adjeining characters in the data stream or text. The order of the appearance of
characters in the tuple is designated as “first” and "last’. The notation for tuples is
“first>|ast” to show the order of appearance in the pair of characters and to avoid
cenfusion of the tuples with real numbers. For example, a tuple of symbol 1 followed
by symbal 0 is written as 1>0.

In each pass through the data stream, the most highly occurring tuple is determined.
A new symbol is created 1o represent the luple in the data stream. The symbol stands
for and replaces all cccurrences of the tuple in the data stream.

FIG. 1
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OPTIMAL SEQUENTIAL (DE)COMPRESSION
OF DIGITAL DATA

This utility application claims priority to U.S. Provisional
Application Ser. Nos. 61/236,571 and 61/271,079, filed Aug.
25,2009, and Jul. 16, 2009, respectively. Their contents are
expressly incorporated herein as if set forth herein.

FIELD OF THE INVENTION

The present invention relates generally to compression/
decompression of data. More particularly, the invention
relates to finding highly occurring patterns in the data and
replacing those patterns with newly defined symbols that
require less space to store than the original patterns. Encoding
ensues and the process repeats until such time as optimization
occurs. Data decompression is another noteworthy feature as
are support algorithms and control methods. Dictionaries are
also involved as are computing system arrangement and com-
puter program products, to name a few.

BACKGROUND OF THE INVENTION

Recent data suggests that nearly eighty-five percent of all
data is found in computing files and growing annually at
around sixty percent. One reason for the growth is that regu-
latory compliance acts, statutes, etc., (e.g., Sarbanes-Oxley,
HIPAA, PCI) force companies to keep file data in an acces-
sible state for extended periods of time. However, block level
operations in computers are too lowly to apply any meaning-
ful interpretation of this stored data beyond taking snapshots
and block de-duplication. While other business intelligence
products have been introduced to provide capabilities greater
than block-level operations, they have been generally limited
to structured database analysis. They are much less meaning-
ful when acting upon data stored in unstructured environ-
ments.

Unfortunately, entities the world over have paid enormous
sums of money to create and store their data, but cannot find
much of it later in instances where it is haphazardly arranged
or arranged less than intuitively. Not only would locating this
information bring back value, but being able to observe pat-
terns in it might also prove valuable despite its usefulness
being presently unknown. However, entities cannot expend
so much time and effort in finding this data that it outweighs
its usefulness. Notwithstanding this, there are still other sce-
narios, such as government compliance, litigation, audits,
etc., that dictate certain data/information be found and pro-
duced, regardless of its cost in time, money and effort. Thus,
a clear need is identified in the art to better find, organize and
identify digital data, especially data left in unstructured
states.

In search engine technology, large amounts of unrelated
and unstructured digital data can be quickly gathered. How-
ever, most engines do little to organize the data other than give
ahierarchical presentation. Also, when the engine finds dupli-
cate versions of data, it offers few to no options on eliminating
the replication or migrating/relocating redundancies. Thus, a
further need in the art exists to overcome the drawbacks of
search engines.

When it comes to large amounts of data, whether structured
or not, compression techniques have been devised to preserve
storage capacity, reduce bandwidth during transmission, etc.
With modern compression algorithms, however, they simply
exist to scrunch large blocks of data into smaller blocks
according to their advertised compression ratios. As is
known, some do it without data loss (lossless) while others do
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it “lossy.”” None do it, unfortunately, with a view toward
recognizing similarities in the data itself.

From biology, it is known that highly similar species have
highly similar DNA strings. In the computing context, con-
sider two word processing files relating to stored baseball
statistics. In a first file, words might appear for a baseball
batter, such as “batting average,” “on base percentage,” and
“slugging percentage,” while a second file might have words
for a baseball pitcher, such as “strikeouts,” “walks,” and
“earned runs.” Conversely, a third file wholly unrelated to
baseball, statistics or sports, may have words such as “envi-
ronmental protection.” “furniture,” or whatever comes to
mind. It would be exceptionally useful if, during times of
compression, or upon later manipulation by an algorithm if
“mapping” could recognize the similarity in subject matter in
the first two files, although not exact to one another, and
provide options to a user. Appreciating that the “words” in the
example files are represented in the computing context as
binary bits (1’s or 0’s), which occurs by converting the
English alphabet into a series of 1’s and 0’s through applica-
tion of ASCII encoding techniques, it would be further useful
if the compression algorithm could first recognize the simi-
larity in subject matter of the first two files at the level of raw
bit data. The reason for this is that not all files have words and
instead might represent pictures (e.g., jpeg) or spread sheets
of numbers.

Appreciating that certain products already exist in the
above-identified market space, clarity on the need in the art is
as follows. One, present day “keyword matching” is limited
to select set of words that have been pulled from a document
into an index for matching to the same exact words elsewhere.
Two, “Greg” is a modern day technique that searches one or
more input files for lines containing an identical match to a
specified pattern. Three, “Beyond Compare,” and similar
algorithms, are line-by-line comparisons of multiple docu-
ments that highlight differences between them. Four, block
level data de-duplication has no application in compliance
contexts, data relocation, or business intelligence.

The need in the art, on the other hand, needs to serve
advanced notions of identifying new business intelligence,
conducting operations on completely unstructured or haphaz-
ard data, and organizing it, providing new useful options to
users, providing new user views, providing new encryption
products, and identifying highly similar data, to name a few.
As a byproduct, solving this need will create new opportuni-
ties in minimizing transmission bandwidth and storage
capacity, among other things. Naturally, any improvements
along such lines should contemplate good engineering prac-
tices, such as stability, ease of implementation, unobtrusive-
ness, etc.

SUMMARY OF THE INVENTION

The foregoing and other problems become solved by
applying the principles and teachings associated with optimal
sequential (de)compression of digital data. Broadly, methods
and apparatus involve procedures to compress digital data
streams by finding highly occurring patterns, and replacing
the patterns with newly defined symbols that require less
space to store than the original patterns. The goal of this
process is to eliminate as much redundancy from the digital
data as possible. The end result is optimal compression of the
original digital data.

In a representative embodiment, an original data stream is
arranged as a plurality of symbols. Of those symbols, all
possible “tuples” (e.g., table 10, F1G. 1) are identified, and the
highest or most frequently occurring tuple is determined. A
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new symbol is created and substituted for each instance of the
highest occurring tuple, which results in a new data stream.
The new data stream is encoded and its size is determined.
Also, a size of a dictionary carrying all the original and new
symbols is determined. The encoding size, the size of the
dictionary and sizes of any other attendant overhead is com-
pared to a size of the original data to see if compression has
occurred, and by how much. Upon reaching pre-defined
objectives, compression ceases, and the originally com-
pressed file is produced. Decompression occurs by reading
the compression information, building a decode structure
using that information, and expanding the encoded data
stream using the decode structure. Other features include
resolving ties between equally occurring tuples having the
most occurrences, path weighted Huffman coding, storing
files, and computing arrangements and program products, to
name a few.

The foregoing embodiment begins with a definition for a
symbol and tuple (e.g., table 10, FIG. 1). Then, compression
of a file or bitstream that is thought to contain sequential
patterns of symbols occurs as follows:

Identifying all possible tuples that can occur for the set of

characters that are in the current data stream.

Determining which of the possible tuples occurs most fre-
quently in the current data stream.

Creating a new symbol for the most highly occurring tuple,
and adding it to the dictionary.

Replacing all occurrences of the most highly occurring
tuple with the new symbol.

Encoding the symbols in the data stream by using an
encoding scheme, such as a path-weighted Huffman
coding scheme.

Calculating the compressed file size.

Determining whether the compression goal has been
achieved.

Repeating for as long as necessary to achieve optimal com-
pression.

In more detail, the compression begins by defining an
alphabet of symbols that initially contains only two symbols
representing the bits 0 and 1.

Determine the total length of the bitstream in bits.

Convert the bitstream to symbols, starting with the initial
symbols representing 0 and 1. (No actual conversion happens
here, but the bitstream is now thought of as a string of sym-
bols, rather than original data.) do {

Scan the symbol stream

Tally the counts of all individual symbols

Tally the counts of all tuples of symbols

Determine the identity of the most frequently occurring
tuple in the symbol stream

Define a new symbol that represents the most frequently
occurring tuple

Replace each occurrence of that tuple with the new symbol

Adjust the tally of symbol counts taking into consideration
those tuples occurrences that were eliminated in the previous
line by replacement using the newly defined symbol.

Calculate a Huffman tree (or other encoding method) using
the adjusted symbol tallies.

Calculate the number of bits required to represent the sym-
bol stream using the calculated bits to code each symbol and
the number of instances of the symbol.

Encode the symbol stream with Huffman tree (or other).

Calculate the number of bits required to represent the
alphabet of symbols.

Calculate the number of bits required to represent the Huft-
man tree which would encode the compressed symbol stream.
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Calculate the number of bits required for the file type and
maximum symbol width.

Calculate a compressed file size as the sum of the file type
plus maximum symbol width plus the Huftman tree represen-
tations plus the alphabet representation plus the Huffman
encoded symbols.

} until compressed file size is significantly greater than any
previously computed filesize.

Generate an output file that contains:

The file type;

The maximum symbol width;

A description of the Huffman tree that describes each sym-
bol;

A description of the alphabet of symbols found in the file;

The Huffman tree encoded string of symbols.

A note regarding the termination of the algorithm is in
order. As each new symbol is added to the alphabet, there are
several consequences to the total length of a possible com-
pressed file. 1) The average number of bits required to repre-
sent each encoded symbol rises. 2) The size of the Huffman
tree used to encode the symbols rises, hence the number of
bits used to describe the tree rises. This larger description
contributes to a growing overhead as the alphabet grows. 3) It
has been observed that in most files, the possible output sizes
of'the file changes in a stepwise function (i.e. it is not smooth),
generally downward, but with upward jumps as the number of
symbols in the alphabet passes thru powers of two, i.e. 2, 4, 8,
16...1024,2048 . . . etc.). 4) At some point there will be so
few of the highest occurring tuples to be replaced, that such
replacement will result in a larger total output stream. This is
because savings created by the addition of another symbol
will not compensate for the growth in size (number of bits
needed to represent the average symbol) of all the other
symbols in the file. At this point, the file output size will begin
to gradually grow. Further replacements will cause further
growth in file output size. 5) Because it is difficult to deter-
mine if an increase in file output size is a result of phenom-
enon (3) or (4), iteration must continue until it is obvious that
there is a long term upward trend in file output size. The
conditions representing the minimum file output size are
remembered, and those criteria are used to produce the opti-
mally compressed output file.

To decompress a file that has been compressed and stored
in the above format. 1. Read the file type. 2. Read the maxi-
mum symbol width. 3. Read the description of the Huffman
tree that encodes the symbols in the file. 4. Read the descrip-
tion of the alphabet of symbols that make up the file. 5. Build
a decoding structure using the above information. 6. Read the
Huffman tree encoded bitstream that represents the file sym-
bols. For each symbol read, expand the symbol into its com-
ponent symbols until the result is the original string 0of 0’s and
1’s.

While Huffman tree encoding has been well understood for
decades, skilled artisans should recognize at least one unique
concept is the act of using iterative definition of new symbols
to automatically look for frequently occurring sequences
(tuples) of symbols. In the “QU” example below, shrinking
the total number of symbols in a file eventually leads every
possible tuple being replaced with a single symbol and the
number of occurring symbols in the file would reduce to
exactly one. However, with the addition of each new symbol
to the alphabet, more bits are required to represent any given
symbol in the Huffman tree. Compression continues as fre-
quently occurring tuples are eliminated. However, at some
optimal point, the frequency all symbols in the file will
approach being equal. If the occurrence of every possible
symbol is approximately equal, each symbol carries maximal
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information. Information theory states that a symbol stream
that is maximally compressed is defined by a symbol stream
with maximal information, and minimum redundancy. The
converse statement would also appear to be true, a symbol
stream than contains maximal information and minimal
redundancy, exhibits maximum compression. The following
provides a technique that yields maximum compression to
many bitstreams that exhibit sequential redundancy.

Executable instructions hosted on one or more computing
devices for undertaking the foregoing are also contemplated
as are computer program products available as a download or
on a computer readable medium. The computer program
products are also available for installation on a network appli-
ance or an individual computing device.

These and other embodiments of the present invention will
be set forth in the description which follows, and in part will
become apparent to those of ordinary skill in the art by ref-
erence to the following description of the invention and ref-
erenced drawings or by practice of the invention. The claims,
however, indicate the particularities of the invention.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying drawings incorporated in and forming
a part of the specification, illustrate several aspects of the
present invention, and together with the description serve to
explain the principles of the invention. In the drawings:

FIG. 1 is a table in accordance with the present invention
showing terminology;

FIG. 2 a table in accordance with the present invention
showing a tuple array and tuple nomenclature;

FIG. 3 is a table in accordance with the present invention
showing the counting of tuples in a data stream;

FIG. 4 is a table in accordance with the present invention
showing the Count from FIG. 3 in array form;

FIG. 5is Pythagorean’s Theorem for use in resolving ties in
the counts of highest occurring tuples;

FIG. 6 is a table in accordance with the present invention
showing a representative resolution of a tie in the counts of
three highest occurring tuples using Pythagorean’s Theorem;

FIG. 7 is a table in accordance with the present invention
showing an alternative resolution of a tie in the counts of
highest occurring tuples;

FIG. 8 is an initial dictionary in accordance with the
present invention for the data stream of FIG. 9;

FIGS. 8-60 are iterative data streams and tables in accor-
dance with the present invention depicting dictionaries,
arrays, tuple counts, encoding, and the like illustrative of
multiple passes through the compression algorithm;

FIG. 61 is a chart in accordance with the present invention
showing compression optimization;

FIG. 62 is a table in accordance with the present invention
showing compression statistics;

FIGS. 63-69 are diagrams and tables in accordance with
the present invention relating to storage of a compressed file;

FIGS. 70-82b are data streams, tree diagrams and tables in
accordance with the present invention relating to decompres-
sion of a compressed file; and

FIG. 83 is a diagram in accordance with the present inven-
tion showing a representative computing device for practic-
ing all or some the foregoing.

DETAILED DESCRIPTION OF THE
ILLUSTRATED EMBODIMENTS

In the following detailed description of the illustrated
embodiments, reference is made to the accompanying draw-
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ings that form a part hereof, and in which is shown by way of
illustration, specific embodiments in which the invention may
be practiced. These embodiments are described in sufficient
detail to enable those skilled in the art to practice the invention
and like numerals represent like details in the various figures.
Also, it is to be understood that other embodiments may be
utilized and that process, mechanical, electrical, arrange-
ment, software and/or other changes may be made without
departing from the scope of the present invention. In accor-
dance with the present invention, methods and apparatus are
hereinafter described for optimizing data compression of
digital data.

In a representative embodiment, compression occurs by
finding highly occurring patterns in data streams, and replac-
ing them with newly defined symbols that require less space
to store than the original patterns. The goal is to eliminate as
much redundancy from the digital data as possible. The end
result has been shown by the inventor to achieve greater
compression ratios on certain tested files than algorithms
heretofore known.

In information theory, it is well understood that collections
of'data contain significant amounts of redundant information.
Some redundancies are easily recognized, while others are
difficult to observe. A familiar example of redundancy in the
English language is the ordered pair of letters QU. When Q
appears in written text, the reader anticipates and expects the
letter U to follow, such as in the words queen, quick, acquit,
and square. The letter U is mostly redundant information
when it follows Q. Replacing a recurring pattern of adjacent
characters with a single symbol can reduce the amount of
space that it takes to store that information. For example, the
ordered pair of letters QU can be replaced with a single
memorable symbol when the text is stored. For this example,
the small Greek letter alpha (o) is selected as the symbol, but
any could be chosen that does not otherwise appear in the text
under consideration. The resultant compressed text is one
letter shorter for each occurrence of QU that is replaced with
the single symbol (o). e.g., “aeen,” “aick,” “acait,” and
“saiare.”” Such is also stored with a definition of the symbol
alpha () in order to enable the original data to be restored.
Later, the compressed text can be expanded by replacing the
symbol with the original letters QU. There is no information
loss. Also, this process can be repeated many times over to
achieve further compression.

DEFINITIONS

With reference to FIG. 1, a table 10 is used to define
terminology used in the below compression method and pro-
cedure.

Discussion

Redundancy is the superfluous repetition of information.
As demonstrated in the QU example above, adjacent charac-
ters in written text often form expected patterns that are easily
detected. In contrast, digital data is stored as a series of bits
where each bit can have only one of two values: off (repre-
sented as a zero (0)) and on (represented as a one (1)). Redun-
dancies in digital data, such as long sequences of zeros or
ones, are easily seen with the human eye. However, patterns
are not obvious in highly complex digital data. The inven-
tion’s methods and procedures identify these redundancies in
stored information so that even highly complex data can be
compressed. In turn, the techniques can be used to reduce,
optimize, or eliminate redundancy by substituting the redun-
dant information with symbols that take less space to store
than the original information. When it is used to eliminate
redundancy, the method might originally return compressed
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data that is larger than the original. This can occur because
information about the symbols and how the symbols are
encoded for storage must also be stored so that the data can be
decompressed later. For example, compression of the word
“queen” above resulted in the compressed word “ceen.” But
a dictionary having the relationship QU=a also needed to be
stored with the word “ceen,” which makes a “first pass”
through the compression technique increase in size, not
decrease. Eventually, however, further “passes” will stop
increasing and decrease so rapidly, despite the presence of an
ever-growing dictionary size, that compression ratios will be
shown to greatly advance the state of the art. By automating
the techniques with computer processors and computing soft-
ware, compression will also occur exceptionally rapidly. In
addition, the techniques herein will be shown to losslessly
compress the data.

The Compression Procedure

The following compression method iteratively substitutes
symbols for highly occurring tuples in a data stream. An
example of this process is provided later in the document.
Prerequisites

The compression procedure will be performed on digital
data. Each stored bit has a value of binary 0 or binary 1. This
series of bits is referred to as the original digital data.
Preparing the Data

The original digital data is examined at the bit level. The
series of bits is conceptually converted to a stream of charac-
ters, referred to as the data stream that represents the original
data. The symbols 0 and 1 are used to represent the respective
raw bit values in the new data stream. These symbols are
considered to be atomic because all subsequently defined
symbols represent tuples that are based on 0 and 1.

A dictionary is used to document the alphabet of symbols
that are used in the data stream. Initially, the alphabet consists
solely of the symbols 0 and 1.

Compressing the Data Stream

The following tasks are performed iteratively on the data
stream:

Identifying all possible tuples that can occur for the set of

characters that are in the current data stream.

Determining which of the possible tuples occurs most fre-
quently inthe current data stream. In the case of a tie, use
the most complex tuple. (Complexity is discussed
below.)

Creating a new symbol for the most highly occurring tuple,
and add it to the dictionary.

Replacing all occurrences of the most highly occurring
tuple with the new symbol.

Encoding the symbols in the data stream by using an
encoding scheme, such as a path-weighted Huffman
coding scheme.

Calculating the compressed file size.

Determining whether the compression goal has been
achieved.

Repeating for as long as necessary to achieve optimal com-
pression. That is, if a stream of data were compressed so
completely that it was represented by a single bit, it and
its complementary dictionary would be larger than the
original representation of the stream of data absent the
compression. (For example, in the QU example above, if
“a” represented the entire word “queen,” the word

“queen” could be reduced to one symbol, e.g., “a.”” How-
ever, this one symbol and its dictionary
(reciting“queen=a” is larger than the original content
“queen.”) Thus, optimal compression herein recognizes
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apoint of marginal return whereby the dictionary grows
too large relative to the amount of compression being
achieved by the technique.
Each of these steps is described in more detail below.
Identifying all Possible Tuples

From FIG. 1, a “tuple” is an ordered pair of adjoining
characters in a data stream. To identify all possible tuples in a
given data stream, the characters in the current alphabet are
systematically combined to form ordered pairs of symbols.
The left symbol in the pair is referred to as the “first” charac-
ter, while the right symbol is referred to as the “last” character.
In a larger context, the tuples represent the “patterns” exam-
ined in a data stream that will yield further advantage in the
art.

In the following example and with any data stream of
digital data that can be compressed according to the tech-
niques herein, two symbols (0 and 1) occur in the alphabet and
are possibly the only symbols in the entire data stream. By
examining them as “tuples,” the combination of'the O and 1 as
ordered pairs of adjoining characters reveals only four pos-
sible outcomes, i.e., a tuple represented by “00,” a tuple
represented by “01,” a tuple represented by “10,” and a tuple
represented by “11.”

With reference to FIG. 2, these four possibilities are seen in
table 12. In detail, the table shows the tuple array for charac-
ters 0 and 1. In the cell for column 0 and row 0, the tuple is the
ordered pair of 0 followed by 0. The shorthand notation of the
tuple in the first cell is “0>0". In the cell for column 0 and row
1,the tuple is 0 followed by 1, or “0>1". In the cell for column
1 and row 0, the tuple is “1>0”. In the cell for column 1 and
row 1, the tuple is “1>1".

Determining the Most Highly Occurring Tuple

With FIG. 2 in mind, it is determined which tuple in a bit
stream is the most highly occurring. To do this, simple count-
ing occurs. It reveals how many times each of the possible
tuples actually occurs. Each pair of adjoining characters is
compared to the possible tuples and the count is recorded for
the matched tuple.

The process begins by examining the adjacent characters in
position one and two of the data stream. Together, the pair of
characters forms a tuple. Advance by one character in the
stream and examine the characters in positions two and three.
By incrementing through the data stream one character at a
time, every combination of two adjacent characters in the data
stream is examined and tallied against one of the tuples.

Sequences of repeated symbols create a special case that
must be considered when tallying tuples. That is, when a
symbol is repeated three or more times, skilled artisans might
identify instances of a tuple that cannot exist because the
symbols in the tuple belong to other instances of the same
tuple. The number of actual tuples in this case is the number
of times the symbol repeats divided by two.

For example, consider the data stream 14 in table 16 (FIG.
3)having 10 characters shown as “0110000101.” Upon exam-
ining the first two characters 01, a tuple is recognized in the
form O followed by 1 (0>1). Then, increment forward one
character and consider the second and third characters 11,
which forms the tuple of 1 followed by 1 (1>1.). As progres-
sion occurs through the data stream, 9 possible tuple combi-
nations are found: 0>1, 1>1, 1>0, 0>0, 0>0, 0>0, 0>1, 1>0,
and 0>1 (element 15, FIG. 3). In the sequence of four sequen-
tial zeros (at the fourth through seventh character positions in
the data stream “0110000101”), three instances of a 0 fol-
lowed by a 0 (or 0>0) are identified as possible tuples. It is
observed that the second instance of the 0>0 tuple (element
17, FIG. 3) cannot be formed because the symbols are used in
the 0>0 tuple before and after it, by prescribed rule. Thus,
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there are only two possible instances in the COUNT 18, FIG.
3, of the 0>0 tuple, not 3. In turn, the most highly occurring
tuple counted in this data stream is 0>1, which occurs 3 times
(element 19, FIG. 3). Similarly, tuple 1>1 occurs once (ele-
ment 20, FIG. 3), while tuple 1>0 occurs twice (element 21,
FIG. 3).

After the entire data stream has been examined, the final
counts for each tuple are compared to determine which tuple
occurs most frequently. In tabular form, the 0 followed by a 1
(tuple 0>1) occurs the most and is referenced at element 19 in
table 22, FIG. 4.

In the situation of a tie between two or more tuples, skilled
artisans must choose between one of the tuples. For this,
experimentation has revealed that choosing the tuple that
contains the most complex characters usually results in the
most efficient compression. If all tuples are equally complex,
skilled artisans can choose any one of the tied tuples and
define it as the most highly occurring.

The complexity of a tuple is determined by imagining that
the symbols form the sides of a right triangle, and the com-
plexity is a measure of the length of the hypotenuse of that
triangle. Of course, the hypotenuse is related to the sum of the
squares of the sides, as defined by the Pythagorean Theorem,
FIG. 5.

The tuple with the longest hypotenuse is considered the
most complex tuple, and is the winner in the situation of a tie
between the highest numbers of occurring tuples. The reason
for this is that less-complex tuples in the situation of a tie are
most likely to be resolved in subsequent passes in the decreas-
ing order of their hypotenuse length. Should a tie in hypot-
enuse length occur, or a tie in complexity, evidence appears to
suggest it does not make a difference which tuple is chosen as
the most highly occurring.

For example, suppose that tuples 3>7, 4>4 and 1>5 each
occur 356 times when counted (in a same pass). To determine
the complexity of each tuple, use the tuple symbols as the two
sides of a right triangle and calculate the hypotenuse, FIG. 6.
Inthe instance of 3>7, the side of the hypotenuse is the square
root of (three squared (9) plus seven squared (49)), or the
square root of 58, or 7.6. In the instance of 4>4, the side of the
hypotenuse is the square root of (four squared (16) plus four
squared (16), of the square root of 32, or 5.7. Similar, 1>5
calculates as a hypotenuse of 5.1 as seen in table 23 in the
Figure. Since the tuple with the largest hypotenuse is the most
complex, 3>7’s hypotenuse of 7.6 is considered more com-
plex than either of the tuples 4>4 or 1>5.

Skilled artisans can also use the tuple array to visualize the
hypotenuse by drawing lines in the columns and rows from
the array origin to the tuple entry in the array, as shown in
table 24 in FIG. 7. As seen, the longest hypotenuse is labeled
25, so the 3>7 tuple wins the tie, and is designated as the most
highly occurring tuple. Hereafter, a new symbol is created to
replace the highest occurring tuple (whether occurring the
most outright by count or by tie resolution), as seen below.
However, based on the complexity rule, it is highly likely that
the next passes will replace tuple 4>4 and then tuple 1>5.
Creating a Symbol for the Most Highly Occurring Tuple

As before, a symbol stands for the two adjacent characters
that form the tuple and skilled artisans select any new symbol
they want provided it is not possibly found in the data stream
elsewhere. Also, since the symbol and its definition are added
to the alphabet, e.g., if “a=QU,” a dictionary grows by one
new symbol in each pass through the data, as will be seen. A
good example of a new symbol for use in the invention is a
numerical character, sequentially selected, because numbers
provide an unlimited source of unique symbols. In addition,
reaching an optimized compression goal might take thou-
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sands (or even tens of thousands) of passes through the data
stream and redundant symbols must be avoided relative to
previous passes and future passes.

Replacing the Tuple with the New Symbol

Upon examining the data stream to find all occurrences of
the highest occurring tuple, skilled artisans simply substitute
the newly defined or newly created symbol for each occur-
rence of that tuple. Intuitively, substituting a single symbol
for two characters compresses the data stream by one char-
acter for each occurrence of the tuple that is replaced.
Encoding the Alphabet

To accomplish this, counting occurs for how many times
that each of the symbols in the current alphabet occurs in the
data stream. They then use the symbol count to apply an
encoding scheme, such as a path-weighted Huffman coding
scheme, to the alphabet. Huffman trees should be within the
purview of the artisan’s skill set.

The encoding assigns bits to each symbol in the current
alphabet that actually appears in the data stream. That is,
symbols with a count of zero occurrences are not encoded in
the tree. Also, symbols might go “extinct” in the data stream
as they are entirely consumed by yet more complex symbols,
as will be seen. As a result, the Huffman code tree is rebuilt
every time a new symbol is added to the dictionary. This
means that the Huffman code for a given symbol can change
with every pass. The encoded length of the data stream usu-
ally decreases with each pass.

Calculating the Compressed File Size

The compressed file size is the total amount of space that it
takes to store the Huffman-encoded data stream plus the
information about the compression, such as information
about the file, the dictionary, and the Huffman encoding tree.
The compression information must be saved along with other
information so that the encoded data can be decompressed
later.

To accomplish this, artisans count the number of times that
each symbol appears in the data stream. They also count the
number of bits in the symbol’s Huffman code to find its bit
length. They then multiply the bit length by the symbol count
to calculate the total bits needed to store all occurrences of the
symbol. This is then repeated for each symbol. Thereafter, the
total bit counts for all symbols are added to determine how
many bits are needed to store only the compressed data. To
determine the compressed file size, add the total bit count for
the data to the number of bits required for the related com-
pression information (the dictionary and the symbol-encod-
ing information).

Determining Whether the Compression Goal has been
Achieved

Substituting a tuple with a single symbol reduces the total
number of characters in a data stream by one for each instance
of a tuple that is replaced by a symbol. That is, for each
instance, two existing characters are replaced with one new
character. In a given pass, each instance of the tuple is
replaced by a new symbol. There are three observed results:

The length of the data stream (as measured by how many

characters make up the text) decreases by half the num-
ber of tuples replaced.

The number of symbols in the alphabet increases by one.

The number of nodes in the Huffman tree increases by two.

By repeating the compression procedure a sufficient num-
ber of times, any series of characters can eventually be
reduced to a single character. That “super-symbol” character
conveys the entire meaning of the original text. However, the
information about the symbols and encoding that is used to
reach that final symbol is needed to restore the original data
later. As the number of total characters in the text decreases
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with each repetition of the procedure, the number of symbols
increases by one. With each new symbol, the size of the
dictionary and the size ofthe Huffman tree increase, while the
size of the data decreases relative to the number of instances
of the tuple it replaces. It is possible that the information
about the symbol takes more space to store than the original
data it replaces. In order for the compressed file size to
become smaller than the original data stream size, the text size
must decrease faster than the size increases for the dictionary
and the Huffman encoding information.

The question at hand is then, what is the optimal number of
substitutions (new symbols) to make, and how should those
substitutions be determined?

For each pass through the data stream, the encoded length
of' the text decreases, while the size of the dictionary and the
Huffman tree increases. It has been observed that the com-
pressed file size will reach a minimal value, and then increase.
The increase occurs at some point because so few tuple
replacements are done that the decrease in text size no longer
outweighs the increase in size of the dictionary and Huffman
tree.

The size of the compressed file does not decrease smoothly
or steadily downward. As the compression process proceeds,
the size might plateau or temporarily increase. In order to
determine the true (global) minimum, it is necessary to con-
tinue some number of iterations past the each new (local)
minimum point. This true minimal value represents the opti-
mal compression for the data stream using this method.

Through experimentation, three conditions have been
found that can be used to decide when to terminate the com-
pression procedure: asymptotic reduction, observed low, and
single character. Each method is described below. Other ter-
minating conditions might be determined through further
experimentation.

Asymptotic Reduction

An asymptotic reduction is a concession to processing
efficiency, rather than a completion of the procedure. When
compressing larger files (100 kilobytes (KB) or greater), after
several thousand passes, each additional pass produces only a
very small additional compression. The compressed size is
still trending downward, but at such a slow rate that additional
compute time is not warranted.

Based on experimental results, the process is terminated if
at least 1000 passes have been done, and less than 1% of
additional data stream compression has occurred in the last
1000 passes. The previously noted minimum is therefore used
as the optimum compressed file.

Observed Low

A reasonable number of passes have been performed on the
data and in the last reasonable number of passes a new mini-
mum encoded file size has not been detected. It appears that
further passes only result in a larger encoded file size.

Based on experimental results, the process is terminated if
at least 1000 passes have been done, and in the last 10% of'the
passes, a new low has not been established. The previously
noted minimum is then used as the optimum compressed file.
Single Character

The data stream has been reduced to exactly one character.
This case occurs if the file is made up of data that can easily
reduce to a single symbol, such a file filled with a repeating
pattern. In cases like this, compression methods other than
this one might result in smaller compressed file sizes.

How the Procedure Optimizes Compression

The representative embodiment of the invention uses Huft-

man trees to encode the data stream that has been progres-
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sively shortened by tuple replacement, and balanced against
the growth of the resultant Huffman tree and dictionary rep-
resentation.

The average length of a Huffman encoded symbol depends
upon two factors:

How many symbols must be represented in the Huffman

tree

The distribution of the frequency of symbol use

The average encoded symbol length grows in a somewhat
stepwise fashion as more symbols are added to the dictionary.
Because the Huffman tree is a binary tree, increases naturally
occur as the number of symbols passes each level of the power
of 2 (2, 4, 8, 16, 32, 64, etc.). At these points, the average
number of bits needed to represent any given symbol nor-
mally increases by 1 bit, even though the number of charac-
ters that need to be encoded decreases. Subsequent compres-
sion passes usually overcome this temporary jump in encoded
data stream length.

The second factor that affects the efficiency of Huffman
coding is the distribution of the frequency of symbol use. If
one symbol is used significantly more than any other, it can be
assigned a shorter encoding representation, which results in a
shorter encoded length overall, and results in maximum com-
pression. The more frequently a symbol occurs, the shorter
the encoded stream that replaces it. The less frequently a
symbol occurs, the longer the encoded stream that replaces it.

If all symbols occur at approximately equal frequencies,
the number of symbols has the greater effect than does the
size of the encoded data stream. Supporting evidence is that
maximum compression occurs when minimum redundancy
occurs, that is, when the data appears random. This state of
randomness occurs when every symbol occurs at the same
frequency as any other symbol, and there is no discernable
ordering to the symbols.

The method and procedure described in this document
attempt to create a state of randomness in the data stream. By
replacing highly occurring tuples with new symbols, eventu-
ally the frequency of all symbols present in the data stream
becomes roughly equal. Similarly, the frequency of all tuples
is also approximately equal. These two criteria (equal occur-
rence of every symbol and equal occurrence of ordered sym-
bol groupings) is the definition of random data. Random data
means no redundancy. No redundancy means maximum com-
pression.

This method and procedure derives optimal compression
from a combination of the two factors. It reduces the number
of characters in the data stream by creating new symbols to
replace highly occurring tuples. The frequency distribution of
symbol occurrence in the data stream tends to equalize as oft
occurring symbols are eliminated during tuple replacement.
This has the effect of flattening the Huffman tree, minimizing
average path lengths, and therefore, minimizing encoded data
stream length. The number of newly created symbols is held
to a minimum by measuring the increase in dictionary size
against the decrease in encoded data stream size.

Example of Compression

To demonstrate the compression procedure, a small data
file contains the following simple ASCII characters:

aaaaaaaaaaaaaaaaaaaaaaaaaaabaaabaaaaaaaababbbbbb

Each character is stored as a sequence of eight bits that
correlates to the ASCII code assigned to the character. The bit
values for each character are:

a=01100001

b=01100010
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The digital data that represents the file is the original data
that we use for our compression procedure. Later, we want to
decompress the compressed file to get back to the original
data without data loss.

Preparing the Data Stream

The digital data that represents the file is a series of bits,
where each bit has a value of 0 or 1. We want to abstract the
view of the bits by conceptually replacing them with symbols
to form a sequential stream of characters, referred to as a data
stream.

For our sample digital data, we create two new symbols
called 0 and 1 to represent the raw bit values of 0 and 1,
respectively. These two symbols form our initial alphabet, so
we place them in the dictionary 26, FIG. 8.

The data stream 30 in FIG. 9 represents the original series
of bits in the stored file, e.g., the first eight bits 32 are
“01100001” and correspond to the first letter “a” in the data
file. Similarly, the very last eight bits 34 are “01100010” and
correspond to the final letter “b” in the data file, and each of
the 1’s and 0’s come from the ASCII code above.

Also, the characters in data stream 30 are separated with a
space for user readability, but the space is not considered, just
the characters. The space would not occur in computer
memory either.

Compressing the Data Stream

The data stream 30 of FIG. 9 is now ready for compression.
The procedure will be repeated until the compression goal is
achieved. For this example, the compression goal is to mini-
mize the amount of space that it takes to store the digital data.
Initial Pass

For the initial pass, the original data stream and alphabet
that were created in “Preparing the Data Stream” are
obtained.

Identifying all Possible Tuples

An easy way to identify all possible combinations of the
characters in our current alphabet (at this time having O and 1)
is to create a tuple array (table 35, FIG. 10). Those symbols
are placed or fitted as a column and row, and the cells are filled
in with the tuple that combines those symbols. The columns
and rows are constructed alphabetically from left to right and
top to bottom, respectively, according to the order that the
symbols appear in our dictionary. For this demonstration, we
will consider the symbol in a column to be the first character
in the tuple, and the symbol in a row to be the last character in
the tuple. To simplify the presentation of tuples in each cell,
we will use the earlier-described notation of “first>last” to
indicate the order of appearance in the pair of characters, and
to make it easier to visually distinguish the symbols in the
pair. The tuples shown in each cell now represent the patterns
we want to look for in the data stream.

For example, the table 35 shows the tuple array for char-
acters 0 and 1. In the cell for column 0 and row 0, the tuple is
the ordered pair of 0 followed by 0. The shorthand notation of
the tuple in the first cell is “0>0. In the cell for column 0 and
row 1, the topic is 0 followed by 1, or “0>1". In the cell for
column 1 and row 0, the tuple is “1>0”. In the cell for column
1 and row 1, the tuple is “1>1". (As skilled artisans will
appreciate, most initial dictionaries and original tuple arrays
will be identical to these. The reason is that computing data
streams will all begin with a stream of 1’s and 0°s having two
symbols only.)

Determining the Highly Occurring Tuple

After completion of the tuple array, we are ready to look for
the tuples in the data stream 30, FIG. 9. We start at the
beginning of the data stream with the first two characters “01”
labeled element 37. We compare this pair of characters to our
known tuples, keeping in mind that order matters. We match
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the pair to a tuple, and add one count for that instance. We
move forward by one character, and look at the pair of char-
acters 38 in positions two and three in the data stream, or “11.”
We compare and match this pair to one of the topics, and add
one count for that instance. We continue tallying occurrences
of'the tuples in this manner until we reach the end of the data
stream. In this instance, the final tuple is “10” labeled 39. By
incrementing through the data stream one character at a time,
we have considered every combination of two adjacent char-
acters in the data stream, and tallied each instance against one
of the tuples. We also consider the rule for sequences of
repeated symbols, described above, to determine the actual
number of instances for the tuple that is defined by pairs of
that symbol.

For example, the first two characters in our sample data
stream are 0 followed by 1. This matches the tuple 0>1, so we
count that as one instance of the tuple. We step forward one
character. The characters in positions two and three are 1
followed by 1, which matches the tuple 1>1. We count it as
one instance of the 1>1 tuple. We consider the sequences of
three or more zeros in the data stream (e.g., 01100001 . . . ) to
determine the actual number of tuples for the 0>0 tuple. We
repeat this process to the end of the data set with the count
results in table 40, FIG. 11.

Now that we have gathered statistics for how many times
each tuple appears in the data stream 30, we compare the total
counts for each tuple to determine which pattern is the most
highly occurring. The tuple that occurs most frequently is a tie
between a 1 followed by 0 (1>0), which occurs 96 times, and
a 0 followed by 1 (0>1), which also occurs 96 times. As
discussed above, skilled artisans then choose the most com-
plex tuple and do so according to Pythagorean’s Theorem.
The sum of the squares for each tuple is the same, which is 1
(140) and 1 (0+1). Because they have the same complexity, it
does not matter which one is chosen as the highest occurring.
In this example, we will choose tuple 1>0.

We also count the number of instances of each of the
symbols in the current alphabet as seen in table 41, FIG. 12.
The total symbol count in the data stream is 384 total symbols
that represent 384 bits in the original data. Also, the symbol O
appears 240 times in original data stream 30, FIG. 9, while the
symbol 1 only appears 144 times.

Pass 1

In this next pass, we replace the most highly occurring
tuple from the previous pass with a new symbol, and then we
determine whether we have achieved our compression goal.
Creating a Symbol for the Highly Occurring Tuple

We replace the most highly occurring tuple from the pre-
vious pass with a new symbol and add it to the alphabet.
Continuing the example, we add a new symbol 2 to the dic-
tionary and define it with the tuple defined as 1 followed by O
(1>0). It is added to the dictionary 26' as seen in FIG. 13. (Of
course, original symbol O is still defined as a O, while original
symbol 1 is still defined as a 1. Neither of these represent a
first symbol followed a last symbol which is why dashes
appear in the dictionary 26' under “Last” for each of them.)
Replacing the Tuple with the New Symbol

In the original data stream 30, every instance of the tuple
1>0 is now replaced with the new, single symbol. In our
example data stream 30, FIG. 9, the 96 instances of the tuple
1>0have been replaced with the new symbol “2” to create the
output data stream 30'. FIG. 14, that we will use for this pass.
As skilled artisans will observe, replacing ninety-six double
instances of symbols with a single, new symbol shrinks or
compresses the data stream 30' in comparison to the original
data stream 30. FIG. 8.
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Encoding the Alphabet

After we compress the data stream by using the new sym-
bol, we use a path-weighted Huffman coding scheme to
assign bits to each symbol in the current alphabet.

To do this, we again count the number of instances of each
of the symbols in the current alphabet (now having “0,” “1”
and “2.”) The total symbol count in the data stream is 288
symbols as seen in table 41', FIG. 15. We also have one
end-of-file (EOF) symbol at the end of the data stream (not
shown).

Next, we use the counts to build a Huffman binary code
tree. 1) List the symbols from highest count to lowest count.
2) Combine the counts for the two least frequently occurring
symbols in the dictionary. This creates a node that has the
value ofthe sum ofthe two counts. 3) Continue combining the
two lowest counts in this manner until there is only one
symbol remaining. This generates a Huffman binary code
tree.

Finally, label the code tree paths with zeros (0s) and ones
(1s). The Huftman coding scheme assigns shorter code words
to the more frequent symbols, which helps reduce the size
length of the encoded data. The Huffman code for a symbol is
defined as the string of values associated with each path
transition from the root to the symbol terminal node.

With reference to FIG. 16, the tree 50 demonstrates the
process of building the Huffman tree and code for the sym-
bols in the current alphabet. We also create a code for the end
of file marker that we placed at the end of the data stream
when we counted the tuples. In more detail, the root contem-
plates 289 total symbols, i.e., the 288 symbols for the alphabet
“0,” “1” and “2” plus one EOF symbol. At the leaves, the “0”
is shown with its counts 144, the “1”” with its count of 48, the
“2” with its count of 96 and the EOF with its count of 1.
Between the leaves and root, the branches define the count in
a manner skilled artisans should readily understand.

In this compression procedure, we will re-build a Huffman
code tree every time we add a symbol to the current dictio-
nary. This means that the Huffman code for a given symbol
can change with every compression pass.

Calculating the Compressed File Size

From the Huffman tree, we use its code to evaluate the
amount of space needed to store the compressed data as seen
in table 52, FIG. 17. First, we count the number of bits in the
Huffman code for each symbol to find its bit length 53. Next,
we multiply a symbol’s bit length by its count 54 to calculate
the total bits 55 used to store the occurrences of that symbol.
We add the total bits 56 needed for all symbols to determine
how many bits are needed to store only the compressed data.
As seen, the current data stream 30", FIG. 14 requires 483 bits
to store only the information.

To know whether we achieved optimal compression, we
must consider the total amount of space that it takes to store
the compressed data plus the information about the compres-
sion that we need to store in order to decompress the data later.
We also must store information about the file, the dictionary,
and the Huffman tree. The table 57 in FIG. 18 shows the total
compression overhead as being 25 bits, which brings the
compressed size of the data stream to 508 bits, or 483 bits plus
25 bits.

Determining Whether the Compression Goal has been
Achieved

Finally, we compare the original number of bits (384, FIG.
12) to the current number of bits (508) that are needed for this
compression pass. We find that it takes 1.32 times as many
bits to store the compressed data as it took to store the original
data, table 58, FIG. 19. This is not compression at all, but
expansion.
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In early passes, however, we expect to see that the substi-
tution requires more space than the original data because of
the effect of carrying a dictionary, adding symbols, and build-
ing a tree. On the other hand, skilled artisans should observe
an eventual reduction in the amount of space needed as the
compression process continues. Namely, as the size of the
data set decreases by the symbol replacement method, the
size grows for the symbol dictionary and the Huffman tree
information that we need for decompressing the data.

Pass 2

In this pass, we replace the most highly occurring tuple
from the previous pass (pass 1) with still another new symbol,
and then we determine whether we have achieved our com-
pression goal.

Identifying all Possible Tuples

As a result of the new symbol, the tuple array is expanded
by adding the symbol that was created in the previous pass.
Continuing our example, we add 2 as a first symbol and last
symbol, and enter the tuples in the new cells of table 35'. FIG.
20.

Determining the Highly Occurring Tuple

As before, the tuple array identifies the tuples that we look
for and tally in our revised alphabet. As seen in table 40'. FIG.
21, the Total Symbol Count=288. The tuple that occurs most
frequently when counting the data stream 30'. FIG. 14, is the
character 2 followed by the character 0 (2>0). It occurs 56
times as seen circled in table 40'. FIG. 21.

Creating a Symbol for the Highly Occurring Tuple

We define still another new symbol “3” to represent the
most highly occurring tuple 2>0, and add it to the dictionary
26" FIG. 22, for the alphabet that was developed in the pre-
vious passes.

Replacing the Tuple with the New Symbol

Inthedata stream 30", F1G. 14, we replace every instance of
the most highly occurring tuple with the new single symbol.
We replace the 56 instances of the 2>0 tuple with the symbol
3 and the resultant data stream 30" is seen in FIG. 23.
Encoding the Alphabet

As demonstrated above, we count the number of symbols
in the data stream, and use the count to build a Huffman tree
and code for the current alphabet. The total symbol count has
been reduced from 288 to 234 (e.g., 88+48+40+58, but not
including the EOF marker) as seen in table 41", FI1G. 24.
Calculating the Compressed File Size

We need to evaluate whether our substitution reduces the
amount of space that it takes to store the data. As described
above, we calculate the total bits needed (507) as in table 52,
FIG. 25.

In table 57', FIG. 26, the compression overhead is calcu-
lated as 38 bits.

Determining Whether the Compression Goal has been
Achieved

Finally, we compare the original number of bits (384) to the
current number of bits (545=507+38) that are needed for this
compression pass. We find that it takes 141% or 1.41 times as
many bits to store the compressed data as it took to store the
original data. Compression is still not achieved and the
amount of data in this technique is growing larger rather than
smaller in comparison to the previous pass requiring 132%.

Pass 3
In this pass, we replace the most highly occurring topic

from the previous pass with a new symbol, and then we
determine whether we have achieved our compression goal.
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Identifying all Possible Tuples

We expand the tuple array 35". FIG. 28 by adding the
symbol that was created in the previous pass. We add the
symbol “3” as a first symbol and last symbol, and enter the
tuples in the new cells.
Determining the Highly Occurring Tuple

The tuple array identifies the tuples that we look for and
tally in our revised alphabet. In table 40", FI1G. 29, the Total
Symbol Count is 232, and the tuple that occurs most fre-
quently is the character 1 followed by character 3 (1>3). It
occurs 48 times, which ties with the tuple of character 3
followed by character 0. We determine that the tuple 1>3 is
the most complex tuple because it has a hypotenuse length 25
of 3.16 (SQRT(1%+32)), and tuple 3>>0 has a hypotenuse of 3
(SQRT(0%+3%)).
Creating a Symbol for the Highly Occurring Tuple

We define a new symbol 4 to represent the most highly
occurring tuple 1>3, and add it to the dictionary 26". FIG. 30,
for the alphabet that was developed in the previous passes.
Replacing the Tuple with the New Symbol

In the data stream, we replace every instance of the most
highly occurring tuple from the earlier data stream with the
new single symbol. We replace the 48 instances of the 1>3
tuple with the symbol 4 and new data stream 30-4 is obtained,
FIG. 31.
Encoding the Alphabet

We count the number of symbols in the data stream, and use
the count to build a Huffman tree and code for the current
alphabet as seen in table 41" FIG. 32. There is no Huffman
code assigned to the symbol 1 because there are no instances
of' this symbol in the compressed data in this pass. (This can
be seen in the data stream 30-4, FIG. 31.) The total symbol
count has been reduced from 232 to 184 (e.g., 88+0+40+8+
48, but not including the EOF marker).
Calculating the Compressed File Size

We need to evaluate whether our substitution reduces the
amount of space that it takes to store the data. As seen in table
52", FIG. 33, the total bits are equal to 340.

In table 57", FIG. 34, the compression overhead in bits is
42.
Determining Whether the Compression Goal has been
Achieved

Finally, we compare the original number of bits (384) to the
current number of bits (382) that are needed for this compres-
sion pass. We find that it takes 0.99 times as many bits to store
the compressed data as it took to store the original data.
Compression is achieved.
Pass 4

In this pass, we replace the most highly occurring tuple
from the previous pass with a new symbol, and then we
determine whether we have achieved our compression goal.
Identifying all Possible Tuples

We expand the tuple array 35". FIG. 36, by adding the
symbol that was created in the previous pass. We add the
symbol 4 as a first symbol and last symbol, and enter the
tuples in the new cells.
Determining the Highly Occurring Tuple

The tuple array identifies the tuples that we look for and
tally in our revised alphabet. In table 40", FIG. 37, the Total
Symbol Count=184 and the tuple that occurs most frequently
is the character 4 followed by character 0 (4>0). It occurs 48
times.
Creating a Symbol for the Highly Occurring Tuple

We define a new symbol 5 to represent the 4>0 tuple, and
add it to the dictionary 26-4, FIG. 38, for the alphabet that was
developed in the previous passes.
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Replacing the Tuple with the New Symbol

In the data stream, we replace every instance of the most
highly occurring tuple with the new single symbol. We
replace the 48 instances of the 40 tuple in data stream 30-4,
FIG. 31, with the symbol 5 as seen in data stream 30-5, FIG.
39.

Encoding the Alphabet

As demonstrated above, we count the number of symbols
in the data stream, and use the count to build a Huffman tree
and code for the current alphabet. There is no Huffman code
assigned to the symbol 1 and the symbol 4 because there are
no instances of these symbols in the compressed data in this
pass. The total symbol count has been reduced from 184 to
136 (e.g., 40+0+40+8+0+48, but not including the EOF
marker) as seen in table 41-4, FIG. 40.

Calculating the Compressed File Size

We need to evaluate whether our substitution reduces the
amount of space that it takes to store the data. As seen in table
52" FIG. 41, the total number of bits is 283.

As seen in table 57". FIG. 42, the compression overhead in
bits is 48.

Determining Whether the Compression Goal has been
Achieved

Finally, we compare the original number of bits (384) to the
current number of bits (331) that are needed for this compres-
sion pass as seen in table 58". FIG. 43. In turn, we find that it
takes 0.86 times as many bits to store the compressed data as
it took to store the original data.

Pass 5§

In this pass, we replace the most highly occurring tuple
from the previous pass with a new symbol, and then we
determine whether we have achieved our compression goal.
Identifying all Possible Tuples

We expand the tuple array by adding the symbol that was
created in the previous pass. We add the symbol 5 as a first
symbol and last symbol, and enter the tuples in the new cells
as seen in table 35-4, FIG. 44.

Determining the Highly Occurring Tuple

The tuple array identifies the tuples that we look for and
tally in our revised alphabet as seen in table 40-4, FIG. 45.
(Total Symbol Count=136) The tuple that occurs most fre-
quently is the symbol 2 followed by symbol 5 (2>5), which
has a hypotenuse of 5.4. It occurs 39 times. This tuple ties
with the tuple 0>2 (hypotenuse is 2) and 5>0 (hypotenuse is
5). The tuple 2>5 is the most complex based on the hypot-
enuse length 25" described above.

Creating a Symbol for the Highly Occurring Tuple

We define a new symbol 6 to represent the most highly
occurring tuple 2>5, and add it to the dictionary for the
alphabet that was developed in the previous passes as seen in
table 26-5, FIG. 46.

Replacing the Tuple with the New Symbol

In the data stream, we replace every instance of the most
highly occurring tuple with the new single symbol. We
replace the 39 instances of the 2>5 tuple in data stream 30-5,
FIG. 39, with the symbol 6 as seen in data stream 30-6, FIG.
47.

Encoding the Alphabet

As demonstrated above, we count the number of symbols
in the data stream, and use the count to build a Huffman tree
and code for the current alphabet as seen in table 41-5, FIG.
48. There is no Huffman code assigned to the symbol 1 and
the symbol 4 because there are no instances of these symbols
in the compressed data in this pass. The total symbol count
has been reduced from 136 to 97 (e.g., 40+1+8+9+39, but not
including the EOF marker) as seen in table 52-4, FIG. 49.
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Calculating the Compressed File Size

We need to evaluate whether our substitution reduces the
amount of space that it takes to store the data. As seen in table
52-4, FIG. 49, the total number of bits is 187.

As seenintable 57-4, FIG. 50, the compression overhead in
bits is 59.

Determining Whether the Compression Goal has been
Achieved

Finally, we compare the original number of bits (384) to the
current number of bits (246, or 187+59) that are needed for
this compression pass as seen in table 58-4, FIG. 51. We find
that it takes 0.64 times as many bits to store the compressed
data as it took to store the original data.

Pass 6

In this pass, we replace the most highly occurring tuple
from the previous pass with a new symbol, and then we
determine whether we have achieved our compression goal.
Identifying all Possible Tuples

We expand the tuple array 35-5 by adding the symbol that
was created in the previous pass as seen in FIG. 52. We add the
symbol 6 as a first symbol and last symbol, and enter the
tuples in the new cells.

Determining the Highly Occurring Tuple

The tuple array identifies the tuples that we look for and
tally in our revised alphabet. (Total Symbol Count=97) The
tuple that occurs most frequently is the symbol 0 followed by
symbol 6 (0>6). It occurs 39 times as seen in table 40-5, FIG.
53.

Creating a Symbol the Highly Occurring Tuple

We define a new symbol 7 to represent the 0>6 tuple, and
add it to the dictionary for the alphabet that was developed in
the previous passes as seen in table 26-6, FIG. 54.
Replacing the Tuple with the New Symbol

In the data stream, we replace every instance of the most
highly occurring tuple with the new single symbol. We
replace the 39 instances of the 0>6 tuple in data stream 30-6,
FIG. 47, with the symbol 7 as seen in data stream 30-7, FIG.
55.

Encoding the Alphabet

As demonstrated above, we count the number of symbols
in the data stream, and use the count to build a Huffman tree
and code for the current alphabet as seen in table 41-6, FIG.
56. There is no Huffman code assigned to the symbol 1,
symbol 4 and symbol 6 because there are no instances ofthese
symbols in the compressed data in this pass. The total symbol
count has been reduced from 97 to 58 (e.g., 140+1+8+0+9+
0+39, but not including the EOF marker).

Because all the symbols 1, 4, and 6 have been removed
from the data stream, there is no reason to express them in the
encoding scheme of the Huffman tree 50'. FIG. 57. However,
the extinct symbols will be needed in the decode table. A
complex symbol may decode to two less complex symbols.
For example, a symbol 7 decodes to 0>6.

We need to evaluate whether our substitution reduces the
amount of space that it takes to store the data. As seen in table
52-5, FIG. 58, the total number of bits is 95.

As seenintable 57-5, FIG. 59, the compression overhead in
bits is 71.

Determining Whether the Compression Goal has been
Achieved

Finally, we compare the original number of bits (384) to the
current number of bits (166, or 95+71) that are needed for this
compression pass as seen in table 58-5, FIG. 60. We find that
it takes 0.43 times as many bits to store the compressed data
as it took to store the original data.
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Subsequent Passes

Skilled artisans will also notice that overhead has been
growing in size while the total number of bits is still decreas-
ing. We repeat the procedure to determine if this is the opti-
mum compressed file size. We compare the compression size
for each subsequent pass to the first occurring lowest com-
pressed file size. The chart 60, FIG. 61, demonstrates how the
compressed file size grows, decreases, and then begins to
grow as the encoding information and dictionary sizes grow.
‘We can continue the compression of the foregoing techniques
until the text file compresses to a single symbol after 27
passes.

Interesting Symbol Statistics

With reference to table 61, FIG. 62, interesting statistics
about the symbols for this compression are observable. For
instance, the top 8 symbols represent 384 bits (e.g., 312+45+
24+2+1) and 99.9% (e.g., 81.2+11.7+6.2+0.5+0.3%) of the
file.

Storing the Compressed File

The information needed to decompress a file is usually
written at the front of a compressed file, as well as to a
separate dictionary only file. The compressed file contains
information about the file, a coded representation of the Huft-
man tree that was used to compress the data, the dictionary of
symbols that was created during the compression process,
and the compressed data. The goal is to store the information
and data in as few bits as possible.

This section describes a method and procedure for storing
information in the compressed file.

File Type

The first four bits in the file are reserved for the version
number of the file format, called the file type. This field allows
flexibility for future versions of the software that might be
used to write the encoded data to the storage media. The file
type indicates which version of the software was used when
we saved the file in order to allow the file to be decompressed
later.

Four bits allows for up to 16 versions of the software. That
is, binary numbers from 0000 to 1111 represent version num-
bers from 0 to 15. Currently, this field contains binary 0000.
Maximum Symbol Width

The second four bits in the file are reserved for the maxi-
mum symbol width. This is the number of bits that it takes to
store in binary form the largest symbol value. The actual value
stored is four less than the number of bits required to store the
largest symbol value in the compressed data. When we read
the value, we add four to the stored number to get the actual
maximum symbol width. This technique allows symbol val-
ues up to 20 bits. In practical terms, the value 2”20 (2 raised to
the 20! power) means that about 1 million symbols can be
used for encoding.

For example, if symbols 0-2000 might appear in the com-
pressed file, the largest symbol ID (2000) would fit in a field
containing 11 bits. Hence, a decimal 7 (binary 0111) would be
stored in this field.

In the compression example, the maximum symbol width
is the end-of-file symbol 8, which takes four bits in binary
(1000). We subtract four, and store a value of 0000. When we
decompress the data, we add four to zero to find the maximum
symbol width of four bits. The symbol width is used to read
the Huffman tree that immediately follows in the coded data
stream.

Coded Huffman Tree

We must store the path information for each symbol that
appears in the Huffman tree and its value. To do this, we
convert the symbol’s digital value to binary. Each symbol will
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be stored in the same number of bits, as determined by the
symbol with the largest digital value and stored as the just
read “symbol width”.

In the example, the largest symbol in the dictionary in the
Huffman encoded tree is the end-of-file symbol 8. The binary
form of 8 is 1000, which takes 4 bits. We will store each of the
symbol values in 4 bits.

To store a path, we will walk the Huffman tree in a method
known as a pre-fix order recursive parse, where we visit each
node of the tree in a known order. For each node in the tree one
bit is stored. The value of the bit indicates if the node has
children (1) or if it is a leaf with no children (0). If it is a leaf,
we also store the symbol value. We start at the root and follow
the left branch down first. We visit each node only once. When
we return to the root, we follow the right branch down, and
repeat the process for the right branch.

In the following example, the Huffman encoded tree is
redrawn as 50-2 to illustrate the prefix-order parse, where
nodes with children are labeled as 1, and leaf nodes are
labeled as 0 as seen in FIG. 63.

The discovered paths and symbols are stored in the binary
form in the order in which they are discovered in this method
of'parsing. Write the following bit string to the file, where the
bits displayed in bold/underline represent the path, and the
value of the 0 node are displayed without bold/underline. The
spaces are added for readability; they are not written to media.

1100101 110 0000 10 1000 0 0010 00011 0 0111
Encode Array for the Dictionary

The dictionary information is stored as sequential first/last
definitions, starting with the two symbols that define the
symbol 2. We can observe the following characteristics of the
dictionary:

The symbols 0 and 1 are the atomic (non-divisible) sym-
bols common to every compressed file, so they do not
need to be written to media.

Because we know the symbols in the dictionary are sequen-
tial beginning with 2, we store only the symbol defini-
tion and not the symbol itself.

A symbol is defined by the tuple it replaces. The left and
right symbols in the tuple are naturally symbols that
precede the symbol they define in the dictionary.

We can store the left/right symbols of the tuple in binary
form.

We can predict the maximum number of bits that it takes to
store numbers in binary form. The number of bits used to
store binary numbers increases by one bit with each
additional power of two as seen, for example, in table 62,
FIG. 64:

Because the symbol represents a tuple made up of lower-
level symbols, we will increase the bit width at the next higher
symbolvalue; thatis,at3,5,9, and 17, instead ofat 2, 4, 8, and
16.

We use this information to minimize the amount of space
needed to store the dictionary. We store the binary values for
the tuple in the order of first and last, and use only the number
of bits needed for the values.

Three dictionary instances have special meanings. The 0
and 1 symbols represent the atomic symbols of data binary O
binary 1, respectively. The last structure in the array repre-
sents the end-of-file (EOF) symbol, which does not have any
component pieces. The EOF symbol is always assigned a
value that is one number higher than the last symbol found in
the data stream.

Continuing our compression example, the table 63, FIG.
65, shows how the dictionary is stored.
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Write the following bit string to the file. The spaces are
added for readability; they are not written to media.
10 1000 0111 100000 010101 000110
Encoded Data

To store the encoded data, we replace the symbol with its
matching Huffman code and write the bits to the media. At the
end ofthe encoded bit string, we write the EOF symbol. In our
example, the final compressed symbol string is seen again as
30-7, FIG. 66, including the EOF.

The Huffman code for the optimal compression is shown in
table 67, FIG. 67.

As we step through the data stream, we replace the symbol
with the Huffman coded bits as seen at string 68, FIG. 68. For
example, we replace symbol 0 with the bits 0100 from table
67, replace symbol 5 with 00 from table 67, replace instances
of'symbol 7 with 1, and so on. We write the following string
to the media, and write the end of file code at the end. The bits
are separated by spaces for readability; the spaces are not
written to media.

The compressed bit string for the data, without spaces is:

010000111111111111111111111111111011001110110
01111111101100101100011000110001100011000101101
010
Overview of the Stored File

As summarized in the diagram 69, FIG. 69, the information
stored in the compressed file is the file type, symbol width,
Huffman tree, dictionary, encoded data, and EOF symbol.
After the EOF symbol, a variable amount of pad bits are
added to align the data with the final byte in storage.

In the example, the bits 70 of FIG. 70 are written to media.
Spaces are shown between the major fields for readability; the
spaces are not written to media. The “x” represents the pad
bits. In FIG. 69, the bits 70 are seen filled into diagram 695
corresponding to the compressed file format.
Decompressing the Compressed File

The process of decompression unpacks the data from the
beginning of the file 69, FIG. 69, to the end of the stream.
File Type

Read the first four bits of the file to determine the file
format version.

Maximum Symbol Width

Read the next four bits in the file, and then add four to the
value to determine the maximum symbol width. This value is
needed to read the Huffman tree information.

Huffman Tree

Reconstruct the Huffman tree. Each 1 bit represents a node
with two children. Each 0 bit represents a leaf node, and it is
immediately followed by the symbol value. Read the number
of bits for the symbol using the maximum symbol width.

In the example, the stored string for Huffman is:

11001011100000101000000100001100111

With reference to FIG. 71, diagram 71 illustrates how to
unpack and construct the Huffiman tree using the pre-fix order
method.

Dictionary

To reconstruct the dictionary from file 69, read the values
for the pairs of tuples and populate the table. The values of 0
and 1 are known, so they are automatically included. The bits
are read in groups based on the number of bits per symbol at
that level as seen in table 72, FIG. 72.

In our example, the following bits were stored in the file:
1010000111101000010101000110

We read the numbers in pairs, according to the bits per
symbol, where the pairs represent the numbers that define
symbols in the dictionary:
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Bits Symbol
10 2
10 00 3
0111 4
100 000 5
010101 6
000 110 7

We convert each binary number to a decimal number:

Decimal Value Symbol
10 2
20 3
13 4
40 5
25 6
06 7

We identify the decimal values as the tuple definitions for
the symbols:

Symbol Tuple
2 1>0
3 2>0
4 1>3
5 4>0
6 2>5
7 0>6

We populate the dictionary with these definitions as seen in
table 73, FIG. 73.

Construct the Decode Tree

We use the tuples that are defined in the re-constructed
dictionary to build the Huffman decode tree. Let’s decode the
example dictionary to demonstrate the process. The diagram
74 in FIG. 74 shows how we build the decode tree to deter-
mine the original bits represented by each of the symbols in
the dictionary. The step-by-step reconstruction of the original
bits is as follows:

Start with symbols 0 and 1. These are the atomic elements,
so there is no related tuple. The symbol 0 is a left branch from
the root. The symbol 1 is a right branch. (Left and right are
relative to the node as you are facing the diagram—that is, on
your left and on your right.) The atomic elements are each
represented by a single bit, so the binary path and the original
path are the same. Record the original bits 0 and 1 in the
decode table.

Symbol 2 is defined as the tuple 1>0 (symbol 1 followed by
symbol 0). In the decode tree, go to the node for symbol 1,
then add a path that represents symbol 0. That is, add a left
branch at node 1. The terminating node is the symbol 2.
Traverse the path from the root to the leaf to read the branch
paths of left (L) and right (R). Replace each left branch with
a0 and each right path with a 1 to view the binary forum ofthe
path as LR, or binary 10.

Symbol 3 is defined as the tuple 2>0. In the decode tree, go
to the node for symbol 2, then add a path that represents
symbol 0. That is, add a left branch at node 2. The terminating
node is the symbol 3. Traverse the path from the root to the
leaf'to read the branch path of RLL. Replace each left branch
with a 0 and each right path with a 1 to view the binary form
of the path as 100.

Symbol 4 is defined as the tuple 1>3. In the decode tree, go
to the node for symbol 1, then add a path that represents
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symbol 3. From the root to the node for symbol 3, the path is
RLL. At symbol 1, add the RLL path. The terminating node is
symbol 4. Traverse the path from the root to the leaf'to read the
path of RRLL, which translates to the binary format of 1100.

Symbol 5 is defined as the tuple 4>0. In the decode tree, go
to the node for symbol 4, then add a path that represents
symbol 0. At symbol 4, add the L path. The terminating node
is symbol 5. Traverse the path from the root to the leafto read
the path of RRLLL, which translates to the binary format of
11000.

Symbol 6 is defined as the tuple 2>5. In the decode tree, go
to the node for symbol 2, then add a path that represents
symbol 5. From the root to the node for symbol 5, the path is
RRLLL. The terminating node is symbol 6. Traverse the path
from the root to the leaf to read the path of RLRRLLL, which
translates to the binary format of 1011000.

Symbol 7 is defined as the tuple 0>6. In the decode tree, go
to the node for symbol O, then add a path that represents
symbol 6. From the root to the node for symbol 6, the path is
RLRRLLL. The terminating node is symbol 7. Traverse the
path from the root to the leaf to read the path of LRLRRLLL,
which translates to the binary format of 01011000.
Decompress the Data

To decompress the data, we need the reconstructed Huff-
man tree and the decode table that maps the symbols to their
original bits as seen at 75, F1G. 75. We read the bits in the data
file one bit at a time, following the branching path in the
Huffman tree from the root to a node that represents a symbol.
The compressed file data bits are:
01000011111111111111111111111011001110110011111
110110010110001000110001100011000101101010

For example, the first four bits of encoded data 0100 takes
us to symbol O in the Huffman tree, as illustrated in the
diagram 76, FIG. 76. We look up O in the decode tree and table
to find the original bits. In this case, the original bits are also
0. We replace 0100 with the single bit O.

Inthe diagram 77 in F1G. 77, we follow the next two bits 00
to find symbol 5 in the Huffman tree. We look up 5 in the
decode tree and table to find that symbol 5 represents original
bits of 11000. We replace 00 with 11000.

In the diagram 78, FIG. 78, we follow the next bit 1 to find
symbol 7 in the Huffman tree. We look up 7 in the decode tree
and table to find that symbol 7 represents the original bits
01011000. We replace the single bit 1 with 01011000. We
repeat this for each 1 in the series of 1s that follow.

The next symbol we discover is with bits 011. We follow
these bits in the Huffman tree in diagram 79, F1G. 79. We look
up symbol 3 in the decode tree and table to find that it repre-
sents original bits 100, so we replace 011 with bits 100.

We continue the decoding and replacement process to dis-
cover the symbol 2 near the end of the stream with bits 01011,
as illustrated in diagram 80, FIG. 80. We look up symbol 2 in
the decode tree and table to find that it represents original bits
10, so we replace 01011 with bits 10.

The final unique sequence of bits that we discover is the
end-of-file sequence of 01010, as illustrated in diagram 81,
FIG. 81. The EOF tells us that we are done unpacking.

Altogether, the unpacking of compressed bits recovers the
original bits of the original data stream in the order of diagram
82 spread across two FIGS. 824 and 824.

With reference to FIG. 83, a representative computing
system environment 100 includes a computing device 120.
Representatively, the device is a general or special purpose
computer, a phone, a PDA, a server, a laptop, etc., having a
hardware platform 128. The hardware platform includes
physical I/O and platform devices, memory (M), processor
(P), such as a CPU(s), USB or other interfaces (X), drivers
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(D), etc. In turn, the hardware platform hosts one or more
virtual machines in the form of domains 130-1 (domain 0, or
management domain), 130-2 (domain U1), . .. 130-z (domain
Un), each having its own guest operating system (O.S.) (e.g.,
Linux, Windows, Netware, Unix, etc.), applications 140-1,
140-2, . . . 140-n, file systems, etc. The workloads of each
virtual machine also consume data stored on one or more
disks 121.

An intervening Xen or other hypervisor layer 150, also
known as a “virtual machine monitor,” or virtualization man-
ager, serves as a virtual interface to the hardware and virtu-
alizes the hardware. It is also the lowest and most privileged
layer and performs scheduling control between the virtual
machines as they task the resources of the hardware platform,
e.g., memory, processor, storage, network (N) (by way of
network interface cards, for example), etc. The hypervisor
also manages conflicts, among other things, caused by oper-
ating system access to privileged machine instructions. The
hypervisor can also be type 1 (native) or type 2 (hosted).
According to various partitions, the operating systems, appli-
cations, application data, boot data, or other data, executable
instructions, etc., of the machines are virtually stored on the
resources of the hardware platform. Alternatively, the com-
puting system environment is not a virtual environment at all,
but a more traditional environment lacking a hypervisor, and
partitioned virtual domains. Also, the environment could
include dedicated services or those hosted on other devices.

In any embodiment, the representative computing device
120 is arranged to communicate 180 with one or more other
computing devices or networks. In this regard, the devices
may use wired, wireless or combined connections to other
devices/networks and may be direct or indirect connections.
If direct, they typify connections within physical or network
proximity (e.g., intranet). If indirect, they typify connections
such as those found with the interne, satellites, radio trans-
missions, or the like. The connections may also be local area
networks (LAN), wide area networks (WAN), metro area
networks (MAN), etc., that are presented by way of example
and not limitation. The topology is also any of a variety, such
as ring, star, bridged, cascaded, meshed, or other known or
hereinafter invented arrangement.

In still other embodiments, skilled artisans will appreciate
that enterprises can implement some or all of the foregoing
with humans, such as system administrators, computing
devices, executable code, or combinations thereof. In turn,
methods and apparatus of the invention further contemplate
computer executable instructions, e.g., code or software, as
part of computer program products on readable media, e.g.,
disks for insertion in a drive of a computing device 120, or
available as downloads or direct use from an upstream com-
puting device. When described in the context of such com-
puter program products, it is denoted that items thereof, such
as modules, routines, programs, objects, components, data
structures, etc., perform particular tasks or implement par-
ticular abstract data types within various structures of the
computing system which cause a certain function or group of
function, and such are well known in the art.

The foregoing has been described in terms of specific
embodiments, but one of ordinary skill in the art will recog-
nize that additional embodiments are possible without depart-
ing from its teachings. This detailed description, therefore,
and particularly the specific details of the exemplary embodi-
ments disclosed, is given primarily for clarity of understand-
ing, and no unnecessary limitations are to be implied, for
modifications will become evident to those skilled in the art
upon reading this disclosure and may be made without
departing from the spirit or scope of the invention. Relatively
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apparent modifications, of course, include combining the
various features of one or more figures with the features of
one or more of the other figures.

The invention claimed is:

1. In a computing system environment, a method of utiliz-
ing a computing device for compressing original data
arranged as a plurality of symbols, comprising:

recursively and sequentially advancing through the plural-

ity of symbols to determine a most frequently occurring
tuple of the plurality of symbols, wherein a tuple com-
prises at least two symbols;

recursively replacing, in the original data, the determined

most frequently occurring tuple by a new symbol to
generate a new compressed data stream;

recursively comparing a size of a most recent new com-

pressed data stream and attendant overhead to a size of
an immediately preceding new compressed data stream
and attendant overhead to determine if a compression
goal for the original data has been achieved, wherein the
attendant overhead indicates an amount of computing
resources required to operate a corresponding compress-
ing operation; and

terminating the recursively determining, replacing, and

comparing on determining that the compression goal has
been achieved.

2. The method of claim 1, further including creating a
dictionary for every symbol in the plurality of symbols.

3. The method of claim 2, further including encoding all of
the plurality of symbols.

4. The method of claim 3, further including calculating a
size for each of the encoded plurality of symbol.

5. The method of claim 2, further including calculating a
size for the dictionary.

6. The method of claim 1, further including determining
whether a compression goal has been achieved relative to a
size of the original data.

7. The method of claim 1, wherein the determining the
most frequently occurring tuple of the plurality of symbols
further includes resolving ties between two or more tuples
occurring a same number of times.

8. The method of claim 7, further including using the
Pythagorean Theorem when resolving ties.

9. A method utilizing a computing device for compressing
original data arranged as a plurality of symbols, comprising:

recursively and sequentially advancing through the origi-

nal data to determine all possible two-adjoining symbols
of the plurality of symbols;

recursively replacing in the original data a new symbol for

a determined pair of most frequently occurring two-
adjoining symbols of the plurality of symbols to gener-
ate a new compressed data stream;

recursively comparing a size of a most recent new com-

pressed data stream and attendant overhead to a size of
an immediately preceding new compressed data stream
and attendant overhead to determine if a compression
goal for the original data has been achieved, wherein the
attendant overhead indicates an amount of computing
resources required to operate a corresponding compress-
ing operation; and

terminating the recursively determining, replacing, and

comparing on determining that the compression goal has
been achieved.

10. The method of claim 9, further including adding an
entry for the new symbol to a dictionary already representing
the plurality of symbols.
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11. The method of claim 9, further including encoding the
new compressed data stream and calculating a size of the new
compressed data stream.

12. The method of claim 11, determining whether the size
of the encoded new compressed data stream and associated
attendant overhead is smaller or greater than a size of the
original data.

13. The method of claim 12, if the size of the encoded new
compressed data stream and the associated attendant over-
head is not smaller than the size of the original data, repeating
the replacing and the encoding until such time as the size of
the new compressed data stream becomes smaller than the
size of the original data.

14. In a computing system environment, a method utilizing
a computing device for compressing original data arranged as
a plurality of symbols, comprising:

recursively advancing through the plurality of symbols

sequentially to determine all possible tuples of the plu-
rality of symbols, wherein a tuple comprises two or more
symbols;

recursively determining most frequently occurring tuple of

the identified all possible tuples;

recursively replacing in the original data a new symbol for

the determined most frequently occurring tuple to gen-
erate a new compressed data stream;

recursively encoding the new compressed data stream;

recursively comparing a size of a most recent encoded new

compressed data stream and attendant overhead to a size
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of an immediately preceding encoded new compressed
data stream and attendant overhead to determine if a
compression goal for the original data has been
achieved; and

terminating the recursively advancing, determining,

replacing, encoding, and comparing on determining that
the compression goal has been achieved.

15. The method of claim 14, further including creating a
dictionary for every symbol in the new compressed data
stream.

16. The method of claim 15, further including calculating a
size for the encoded new compressed data stream and the
dictionary.

17. The method of claim 16, further including comparing
the calculated size of the new compressed data stream to a size
of the original data to determine whether a pre-defined com-
pression goal has been achieved.

18. The method of claim 14, wherein the determining the
most frequently occurring tuple further includes resolving
ties between two or more tuples occurring a same number of
times.

19. The method of claim 15, further including decompress-
ing the encoded new compressed data stream using the dic-
tionary having every symbol in the new compressed data
stream.



